To date, floods have become one of the most severe natural disasters on Earth. Flood forecasting with hydrological models is an important non-engineering measure for flood control and disaster reduction. The Xin'anjiang (XAJ) model is the most widely used hydrological model in China for flood forecasting, while the Soil and Water Assessment Tool (SWAT) model is widely applied for daily and monthly simulation and has shown its potential for flood simulation. The objective of this paper is to evaluate the performance of the SWAT model in simulating floods at a sub-daily time-scale in a slightly larger basin and compare that with the XAJ model. Taking Qilijie Basin (southeast of China) as a study area, this paper developed the XAJ model and SWAT model at a sub-daily time-scale. The results showed that the XAJ model had a better performance than the sub-daily SWAT model regarding relative runoff error (RRE) but the SWAT model performed well according to relative peak discharge error (RPE) and error of occurrence time of peak flow (PTE). The SWAT model performed unsatisfactorily in simulating low flows due to the daily calculation of base flow but behaved quite well in simulating high flows. We also evaluated the effect of spatial scale on the SWAT model. The results showed that the SWAT model had a good applicability at different spatial scales. In conclusion, the sub-daily SWAT model is a promising tool for flood simulation though more improvements remain to be studied further.
Introduction
Flooding is one of the most common natural phenomena. With the economic and social development, the global climate and the underlying surface have changed, causing changes in the water circulation process of river basins and causing more serious and frequent floods. Severe flood disasters have become one of the most serious water issues, which have brought incalculable losses and caused serious threats to the safety of lives and properties.
Flood forecasting is an important non-engineering measure for flood control and disaster reduction. Timely and accurate flood forecasting is the most effective way to control flooding and reduce flooding damage. A hydrological model is a modern flood forecasting method developing with the rapid development of electronic computer technology. By simulating historical floods, we can evaluate the performance of these hydrological models and make full preparations for flood forecasting. Since the first watershed hydrological model-the Stanford model-was applied in typhoons from July to September. There is no large reservoir in this basin, so we did not need to consider reservoir regulation. Majority of the soils in the basin are Haplic Acrisols (60.3%), Cumulic Anthrosols (15.6%) and Humic Acrisols (12.2%). There are six kinds of land cover/land use, and the top three are forest (65.17%), agriculture (19.26%) and pasture (14.45%). The details of soil and land use/land cover were presented in Figure 2a ,b, respectively. 
Models Description

XAJ Model
The XAJ model is the first watershed hydrological model in China. It is a semi-distributed, rain-runoff model proposed by Zhao et al. (1980) [2] when compiling the flood prediction scheme for the XAJ reservoir. To date, the XAJ model has been widely used for flood forecasting in humid and semi-humid regions in China. Considering the spatial heterogeneity of the underlying surface and rainfall distribution, the XAJ model divides the watershed into several subbasins. Each subbasin is an independent computation unit and includes four major parts: evapotranspiration, runoff generation, runoff separation and flow concentration.
XAJ model needs measured pan evaporation and precipitation inputs. Process of evapotranspiration in each computation unit is simulated using triplex evaporation method [19] . XAJ model calculates total runoff using the storage capacity curve [2] . After that, the total runoff is separated into surface runoff, lateral flow and groundwater flow [19] . Runoff in each computation unit flow into the nearest river first and then route to the outlet of the basin using Muskingum Method [20] .
SWAT Model
The SWAT model is a basin-scale model which can predict the impact of management on water, sediment, and agricultural chemical pollutant loads. It is based on a strong physical mechanism that enables to simulate in the basins without observed data. In this model, the study area was first divided into multiple subbasins and then further divided into hydrological response units (HRUs) based on the unique combination of land use, soil and management measures. The SWAT model has been widely used in many fields and basins [21] [22] [23] [24] .
SWAT model estimated potential evapotranspiration using the Penman-Monteith method [25] [26] [27] , so the observed evapotranspiration data was not needed. Surface runoff was usually calculated by a Soil Conservation Service Curve Number (SCS-CN) method. Green & Ampt infiltration method would be used when using sub-daily precipitation data. Lateral flow was calculated by a kinematic method and the return flow was predicted by assuming a shallow aquifer [28] . In channel flow routing, SWAT model applied the variable storage method [29] or the Muskingum method [30] . Muskingum method was used in this paper.
This paper developed sub-daily SWAT model for Qilijie Basin. The latest version of SWAT 2012 was employed in this study. Traditional DEM-based watershed delineation method had low precision in plain polders. In this research, "Burn-in" method [31] cooperated with manual edit based on river network dataset was introduced to improve the streams and subbasin delineation. The study area was divided into 62 subbasins based on a threshold value of 10,000 Ha and further divided into 317 hydrological response units (HRUs). The threshold values for land use, soil types and slope were 20%, 15% and 20%, respectively.
Data Collection
The data collected for SWAT model and XAJ model included geospatial input data, meteorological data and hydrological data. The geospatial input data are as follows: (1) SRTM 90 M Digital Elevation Model (DEM) data (The data set is provided by International Scientific & Technical Data Mirror Site, Computer Network Information Center, Chinese Academy of Sciences (http://www.gscloud.cn)); (2) Soil map at a scale of 1:100,000 downloaded from Harmonized World Soil Database (HWSD) (http://www.fao.org/nr/land/soils/harmonized-world-soil-database/en); (3) Land use/ land cover map of 1995 at a scale of 1:100,000.
The meteorological data included precipitation, daily maximum and minimum air temperature, wind speed, relative humidity and solar radiation from 1980 to 2008 of 7 meteorological stations inside or near the study area. These data were prepared to generate weather parameters for Weather Generator.
Hydrological data included precipitation, discharge and measured pan evaporation. Precipitation data from 1988 to 1999 were collected from 43 rain gauges. Precipitation data were prepared in daily and hourly time-scale. Hourly time-scale precipitation data were only available during flood seasons, so hourly precipitation during non-flood seasons were estimated by assuming a uniform distribution in daily precipitation. Discharge data between 1988 and 1999 were collected from 3 hydrological stations, Qilijie (QLJ), Jianyang (JY) and Shuiji (SJ). They were also prepared in daily and hourly time-scale. QLJ station was used for model calibration and validation, while JY and SJ were used to evaluate the applicability of SWAT model on different spatial scales. All the data used in this paper were shown in Table 1 . There are many parameters in SWAT model, but only some of them are very sensitive to the operation of the model. Authors needed to perform sensitivity analysis and select the most sensitive parameters, and this could help us reduce time spent on model calibration. A global sensitivity analysis was conducted to identify the most sensitive parameters. The t-statistic and p-value were used to determine the sensitivity of the parameters. If the absolute value of t-statistic is large and p-value is small, then the parameter is classified to be sensitive. Table 2 listed the 16 parameters included in the calibration of sub-daily SWAT model and their detailed information. Table 2 . Parameters for daily and sub-daily SWAT models. "V" means the existing parameter will be replaced by a given value; "R" means that the existing parameter is multiplied by (1 ± a given value). [32] . There are many algorithms in SWAT-CUP and the SUFI-2 [33] is the chosen algorithm. In SUFI-2, uncertainties are expressed as uniform distribution. Propagation of uncertainties in these parameters led to uncertainties of output variables in model which are expressed as the 95% probability distributions, we call them 95PPU. They are calculated at the 2.5% and 97.5% levels of the cumulative distribution of an output variable using Latin hypercube sampling. We have two factors to determine whether the calibration is achieved or not: P-factor and R-factor. P-factor is the percentage of observed data falling into 95PPU and it ranges from 0 to 1. R-factor is the average thickness of the 95PPU band and ranges between 0 and infinity. The calibration is considered satisfactory when the P-factor is close to 1 and the R-factor is close to 1 as well. These two requirements cannot always be implemented simultaneously, so a compromise is required. Usually, a value of 0.6-0.8 for the p-factor and a value of about 1 for the R-factor is suggested [34] .
The goodness-of-fit of the model is assessed by Coefficient of determination(R 2 ), Nash-Sutcliffe efficiency (NSE) and percent bias (PBIAS). R 2 is calculated by the following formula:
where Q m,i is the i-th measured discharge, Q s,i is the i-th model simulated discharge. Q m is mean measured discharge for the entire time period, Q s is mean simulated discharge for the entire time period. R 2 ranges from 0 to 1 and a larger value means a better simulation. NSE is calculated as:
NSE ranges between −∞ and 1 [35] . NSE values with higher magnitude are preferred. The formula for calculating percent bias PBIAS is as follows:
PBIAS compares the average tendency of simulated output to observed data, and the optimal value is 0. Positive values mean that the simulated outputs are larger than observed data, while negative values are on the contrary [36] . In general, when NSE > 0.5 and PBIAS < ±25%, the performance of the model is considered to be satisfactory [37] . QLJ station was selected as the calibration station. For daily simulation, the period from 1988 to 1996 was selected as the calibration period and the first three years served as a warm up period. After that the model was validated using observed data between 1997 and 1999.
Calibration and Validation for Flood Simulation
In this paper, calibration and validation of SWAT model for flood simulation were also based on SWAT-CUP. SWAT-CUP is often used to calibrate for daily, monthly and yearly time steps, so we need to modify it for hourly time step.
Besides R 2 , NSE and PBIAS, authors also introduced relative runoff error (RRE), relative peak discharge error (RPE) and error of occurrence time of peak flow (PTE) to evaluate the performance of flood simulation. A simulation is considered qualified when these indicators reach Standard for Hydrological Information and Hydrological Forecasting in China (GB/T 22482-2008) which requires the absolute values of RRE and RPE less than 20% and 20%, respectively. The formulas for calculating RRE and RPE are as follows:
where R m is the measured runoff and R s is the simulated runoff; QM m the measured peak flow and QM s is the simulated peak flow. PTE is calculated as:
where PT s (h) represents the simulated occurrence time of peak flow and PT m (h) represents the measured occurrence time of peak flow. The positive value indicates that the simulated peak flow occurs later than the measured peak flow and the negative value indicates that the simulated peak flow occurs earlier than the measured peak flow. In XAJ model, there are 15 important parameters, so authors calibrated the model automatically by matching simulated and observed values using an optimization algorithm and then manually adjusted them according to personal experience. The same indices as SWAT model for the goodness-of-fit of XAJ model were used.
Calibration for flood simulation was based on the calibration for daily simulation. Authors brought the decisive parameters calibrated in daily simulation back to the model to prepare the initial information for flood simulation. For flood simulation, the model was calibrated over flood periods only, so only discharge data during flood seasons were required. Twenty-two floods between 1991 and 1996 were used for calibration and 14 floods between 1997 and 1999 were chosen for validation.
Results and Discussion
Parameters' Sensitivity for SWAT Model
The ranking of the most sensitive parameters obtained in daily simulation and flood simulation was listed in Table 3 . In this paper, the parameter was considered to be significantly sensitive when the p-value was less than 0.03.
The significantly sensitive parameters of the SWAT model in daily simulation were baseflow alpha factor for bank storage (ALPHA_BNK), Manning's "n" value of the main channel (CH_N2), effective hydraulic conductivity in main channel alluvium (CH_K2), saturated hydraulic conductivity (SOL_K), threshold depth of water in the shallow aquifer required for return flow to occur (GWQMN), groundwater "revap" coefficient (GW_REVAP) and initial SCS runoff curve number for moisture condition II (CN2). These parameters were related to flow routing and runoff generation. While in flood simulation, significantly sensitive parameters were ALPHA_BNK, CH_N2 and CH_K2. They were all connected with flow routing. In both daily and flood simulation, ALPHA_BNK, CH_N2 and CH_K2 were significantly sensitive which means that flow routing was very important for the simulation of the SWAT model in this study area, while their values were all larger in flood simulation. The larger ALPHA_BNK value meant flat recessions for bank flow and the larger CH_K2 value would cause more water loss to the groundwater within the stream bed. The fitted value of CH_N2 in flood simulation was 0.0847 (m −1/3 s) and was larger than 0.0447 (m −1/3 s) in daily simulation. The larger CH_N2 value led to smaller flow velocity. Other differences were GWQMN, average slope length (SLSUBBSN) and groundwater delay time (GW_DELAY) . Their values were all smaller in flood simulation.
It is worth noting that the calibration and sensitivity analysis results were based on the data and model performance for this paper. The final result was influenced by all the parameters included.
Many other factors, such as types of changes for parameters and the selection of objective function [38] , may affect the results as well. 
Comparison of Sub-daily SWAT and XAJ Model in Daily Simulation
The team developed a sub-daily SWAT model for daily discharge simulation and then compared it with the XAJ model. The results of calibration and validation for the XAJ and SWAT models were presented in Table 4 , which shows separately the performances for the calibration and validation periods. After three iterations, a best iteration for sub-daily SWAT model was chosen. The p-factor and r-factor were 0.86 and 0.63 for the sub-daily SWAT model, respectively. So, the calibration of the SWAT model was considered to be satisfactory according to the criteria.
During the calibration period, the R 2 , NSE and PBIAS obtained by the SWAT model was 0.81, 0.76 and 14.61, respectively, while the R 2 , NSE and PBIAS for the XAJ model was 0.75, 0.70 and −0.75, respectively. The simulations were classified as satisfactory for both models. The XAJ model simulated more reasonably than the SWAT model according to the PBIAS. While the R 2 and NSE obtained by the SWAT model improved a lot compared to that obtained by the XAJ model. During the validation period, the R 2 and NSE of the XAJ model were almost the same as those during the calibration period, but the PBIAS changed from −0.75 to 2.22. For the SWAT model, the R 2 , NSE and PBIAS were 0.84, 0.80 and 8.62, respectively. All of them improved a lot. After analyzing these results, it was concluded that both the XAJ and SWAT models were suitable for daily simulation. The SWAT model was better according to R2 and NSE. The higher R 2 and NSE values for the SWAT model indicated that the simulated discharge was in better agreement with the observed data.
The performance of the SWAT model was nearly positively correlated with precipitation. The annual precipitation for 1992, 1995, 1997 and 1998 were all above 2000 mm. Simulation of daily discharge of these years was better in terms of R 2 and NSE. The annual precipitation for 1991 and 1996 was smaller and the simulation of these two years was much worse. Figure 3a , b show the time series of observed data and simulation results of the XAJ model and the SWAT model during the calibration and validation periods. During both the calibration and validation periods, the SWAT model simulated better than the XAJ model during flood season. This is very important because about 60% of the precipitation fell in flood season. Generally, the daily simulation results obtained from the XAJ and SWAT models demonstrated decent applicability and could consequently represent a preliminary basis for further event-based floods simulation. 
Analysis of Model Performance in Flood Simulation
Simulation Results
Calibration and validation of the sub-daily SWAT model in flood simulation were conducted using SWAT-CUP and a few modifications were made to it to accommodate the hourly time-scale input. The results of calibration and validation for XAJ and the sub-daily SWAT model are listed in Table 5 . During the calibration period, the sub-daily SWAT model performed better than the XAJ model with R 2 ranging from 0.5 to 0.89 and NSE ranging from 0.33 to 0.85, compared with 0.07 to 0.92 
Analysis of Model Performance in Flood Simulation
Simulation Results
Calibration and validation of the sub-daily SWAT model in flood simulation were conducted using SWAT-CUP and a few modifications were made to it to accommodate the hourly time-scale input. The results of calibration and validation for XAJ and the sub-daily SWAT model are listed in Table 5 . During the calibration period, the sub-daily SWAT model performed better than the XAJ model with R 2 ranging from 0.5 to 0.89 and NSE ranging from 0.33 to 0.85, compared with 0.07 to 0.92 and 0.2 to 0.92 of R 2 and NSE for the XAJ model, respectively. During the validation period, both of these models improved. The average R 2 , NSE and PBIAS for the SWAT model was 0.73, 0.56 and −6.76, respectively, and the average R 2 , NSE and PBIAS for the XAJ model was 0.65, 0.50 and −2.88, respectively. Generally, the SWAT model did better than the XAJ model according to R 2 and NSE. The results of NSE values were better than a previous study [18] , as the model had been calibrated and validated over flood periods only.
We also plotted flow duration curves (FDCs) in Figure 4 to evaluate the agreement between observations and simulations. Both the XAJ and SWAT models overestimated extreme high flows (<1% exceedance) during calibration and validation periods, and it was further obvious in the SWAT model. While the SWAT model could capture high flows (~2% exceedance) perfectly. During the calibration period, the SWAT model predicted better in terms of medium flows (~50% exceedance) but had a poor performance in terms of low flows. During the validation period, it was the opposite. The XAJ model performed satisfactorily in estimating medium flows while the SWAT model had better agreement in low flows. Both of the two models overestimated high flows and underestimated low flows as a whole. The models responded differently to extremely high and extremely low flows. Therefore, the responses of the models to different conditions [39] [40] [41] need further study. We also plotted flow duration curves (FDCs) in Figure 4 to evaluate the agreement between observations and simulations. Both the XAJ and SWAT models overestimated extreme high flows (<1% exceedance) during calibration and validation periods, and it was further obvious in the SWAT model. While the SWAT model could capture high flows (~2% exceedance) perfectly. During the calibration period, the SWAT model predicted better in terms of medium flows (~50% exceedance) but had a poor performance in terms of low flows. During the validation period, it was the opposite. The XAJ model performed satisfactorily in estimating medium flows while the SWAT model had better agreement in low flows. Both of the two models overestimated high flows and underestimated low flows as a whole. The models responded differently to extremely high and extremely low flows. Therefore, the responses of the models to different conditions [39] [40] [41] need further study. Table 5 summarizes the statistical performance measures for runoff, peak flow and occurrence time of peak flow. During the calibration period, the average RRE and RPE of the XAJ model were −8.78% and 11.59%, respectively, while the two values of the SWAT model were −13.06% and −7.82%, respectively. The SWAT model simulated better in terms of RPE. During the validation period, it showed the same conclusion. The distributed model consistently performed better than the lumped model in simulating peak flow [42] . However, we need to consider the simulation of each single Table 5 summarizes the statistical performance measures for runoff, peak flow and occurrence time of peak flow. During the calibration period, the average RRE and RPE of the XAJ model were −8.78% and 11.59%, respectively, while the two values of the SWAT model were −13.06% and −7.82%, respectively. The SWAT model simulated better in terms of RPE. During the validation period, it showed the same conclusion. The distributed model consistently performed better than the lumped model in simulating peak flow [42] . However, we need to consider the simulation of each single event-based flood to evaluate the event-based flood simulation capability of the SWAT model. Depending on the standard, the XAJ model simulated better than SWAT. There were four floods unqualified during the calibration period and three floods unqualified during the validation period. Meanwhile, there were six floods and four floods unqualified during the calibration and validation periods of the SWAT model, respectively. Both the XAJ and SWAT model reproduced the event-based floods fairly well. The error of occurrence time of peak flow (PTE) for each flood was also calculated. The SWAT model performed better than the XAJ model. The average values of PTE of the SWAT model during calibration and validation period were −6 h and −2 h, respectively, while the average values of the XAJ model were 18 h and −3 h, respectively. Both the XAJ and SWAT models could simulate the occurrence time of peak flow well during the validation period. However, the XAJ model predicted unsatisfactorily during the calibration period with the average PTE of 18 h, which indicated that the peak flow simulated by the XAJ model occurred later than the measured peak flow overall. The SWAT model can capture the occurrence time of peak flow perfectly and this is crucial for flood forecasting. Figure 5 compared observed and simulated discharges by XAJ and SWAT models for eight event-based floods. The SWAT model had a poor performance in the beginning of most floods and it was particularly evident in the first flood of the year (Flood 910306, 920321 and 970605). It tended to underestimate the low flows. It is implied that antecedent conditions are very important for the model simulation [16] . In the XAJ model, initial hydrological information of event-based floods, such as soil moisture content, was captured through daily simulation. Even though we used the same method in the SWAT model, the results were still limited by precipitation data. As mentioned above, hourly precipitation data were only available during floods and the data during non-flood periods were obtained from daily precipitation. This may bring some error to the calculation of initial hydrological information of floods, especially the first flood of the year. The rain gauges resolution and accuracy of measurements were very important and may affect the model outputs [43] . During extreme events, precipitation measurements may not be accurate [44] . Therefore, in extreme flood (Flood 980619), the SWAT model vastly overestimated the peak flow. The same conclusions could also be found in the FDCs. Recession flows were also badly simulated. This might be ascribed to the calculation of base flow. Base flow was calculated at daily time-scale and had an equal distribution of the daily estimates to each time step. Though the SWAT model had a poor performance in low flows, it had an improvement in simulating high and medium flows [15, 18] . As mentioned above, the SWAT model performed better in terms of RPE, and this is particularly evident in the picture (Flood 940614, 950614, 970605 and 980608). It is worth noting that all of these floods had multiple peak flows. This showed that the SWAT model was capable of capturing multiple flood peaks accurately.
Performance of SWAT and XAJ Model in Event-Based Floods
Effect of Spatial Scale on SWAT Model
Due to the spatial heterogeneity of hydrological conditions of a river basin, such as topography, land use and soil type, hydrological phenomena also change accordingly. Research on the spatial scale is very important for the application of hydrological models. It is of great practical significance to utilize the hydrological data of a larger basin to deduce the hydrological characteristics of a smaller watershed. 
Due to the spatial heterogeneity of hydrological conditions of a river basin, such as topography, land use and soil type, hydrological phenomena also change accordingly. Research on the spatial scale is very important for the application of hydrological models. It is of great practical significance to utilize the hydrological data of a larger basin to deduce the hydrological characteristics of a smaller watershed.
To evaluate the effect of spatial scale on the SWAT model, the team took JY and SJ station as an example. Their locations are marked in Figure 1 and the basic information of these three stations is presented in Table 6 . The catchment areas of JY and SJ station were much smaller than the area of QLJ station. There were also some differences in their land use and soil types. We simulated floods in JY and SJ stations using the parameters calibrated by QLJ station and calculated R 2 , NSE and PBIAS for each flood. Figure 6 shows the boxplots of R 2 , NSE and PBIAS for these three stations. During the calibration period, R 2 and NSE of these stations did not change much. However, they had a different reaction according to PBIAS. The PBIAS values of QLJ and JY station were 13.06 and 18.42, respectively, while the PBIAS value of SJ station was −6.28. It is implied that the SWAT model underestimated flow regimes in QLJ and JY stations but overestimated flow regimes in SJ station. On the whole, SJ station behaved the best during the calibration period. During the validation period, the SWAT model performed better in QLJ station. JY station showed good consistency with QLJ station while SJ station had the worst performance. To evaluate the effect of spatial scale on the SWAT model, the team took JY and SJ station as an example. Their locations are marked in Figure 1 and the basic information of these three stations is presented in Table 6 . The catchment areas of JY and SJ station were much smaller than the area of QLJ station. There were also some differences in their land use and soil types. We simulated floods in JY and SJ stations using the parameters calibrated by QLJ station and calculated R 2 , NSE and PBIAS for each flood. Figure 6 shows the boxplots of R 2 , NSE and PBIAS for these three stations. During the calibration period, R 2 and NSE of these stations did not change much. However, they had a different reaction according to PBIAS. The PBIAS values of QLJ and JY station were 13.06 and 18.42, respectively, while the PBIAS value of SJ station was −6.28. It is implied that the SWAT model underestimated flow regimes in QLJ and JY stations but overestimated flow regimes in SJ station. On the whole, SJ station behaved the best during the calibration period. During the validation period, the SWAT model performed better in QLJ station. JY station showed good consistency with QLJ station while SJ station had the worst performance.
The qualification ratios of these three stations were also summarized according to the standard mentioned above. In QLJ station, there were 25 floods qualified among 36 floods, the qualified ratio was 69.4%. While there were 20 floods qualified among 33 floods in JY station and 20 floods qualified among 30 floods in SJ station. The qualified ratio was 60.6% and 66.7%, respectively. Among 25 floods qualified in QLJ station, 16 floods were likewise qualified in JY station and 14 floods were qualified in SJ station. About half of the floods qualified in QLJ station were qualified in JY and SJ station simultaneously. The results showed that the SWAT model had a good applicability at different spatial scales. The qualification ratios of these three stations were also summarized according to the standard mentioned above. In QLJ station, there were 25 floods qualified among 36 floods, the qualified ratio was 69.4%. While there were 20 floods qualified among 33 floods in JY station and 20 floods qualified among 30 floods in SJ station. The qualified ratio was 60.6% and 66.7%, respectively. Among 25 floods qualified in QLJ station, 16 floods were likewise qualified in JY station and 14 floods were qualified in SJ station. About half of the floods qualified in QLJ station were qualified in JY and SJ station simultaneously. The results showed that the SWAT model had a good applicability at different spatial scales. Figure 6 . Boxplots of R 2 , NSE and PBIAS. In each boxplot, the whisker ranges from the minimum to maximum, while the box ranges from the first quartile to the third quartile. The symbol cross represents the mean value and the symbol circle dot represents the outlier.
Conclusions
The SWAT model has been extensively used for long-term simulations with daily, monthly or yearly time-scales. This paper developed the sub-daily SWAT model for Qilijie basin. We evaluated the sub-daily SWAT model in flood simulation and compared it with the XAJ model.
Both the XAJ and SWAT models behaved satisfactorily in the simulation of event-based floods and had a similar qualified ratio. The XAJ model performed better than the sub-daily SWAT model in terms of RRE, but sub-daily SWAT had a better performance in reproducing peak flow and was good at capturing the occurrence time of peak flow. The sub-daily SWAT model had an improvement in simulating high and medium flows and had showed its capacity of simulating floods with multiple peaks accurately. Hence, the SWAT model has great potential for flood simulation. Figure 6 . Boxplots of R 2 , NSE and PBIAS. In each boxplot, the whisker ranges from the minimum to maximum, while the box ranges from the first quartile to the third quartile. The symbol cross represents the mean value and the symbol circle dot represents the outlier.
Both the XAJ and SWAT models behaved satisfactorily in the simulation of event-based floods and had a similar qualified ratio. The XAJ model performed better than the sub-daily SWAT model in terms of RRE, but sub-daily SWAT had a better performance in reproducing peak flow and was good at capturing the occurrence time of peak flow. The sub-daily SWAT model had an improvement in simulating high and medium flows and had showed its capacity of simulating floods with multiple peaks accurately. Hence, the SWAT model has great potential for flood simulation.
The effect of spatial scale on the SWAT model was also evaluated in this research. The results showed that the SWAT model had a good applicability at different spatial scales and could deduce the hydrological characteristics of a smaller watershed using parameters from a larger basin. This is a valuable reference to research the effect of spatial scale on hydrological models.
However, the performance of the SWAT model in flood simulation was affected by precipitation data. Hourly time-scale precipitation data were only available during flood seasons in China and we estimated hourly precipitation during non-flood periods by assuming a uniform distribution in daily precipitation. Hence, the SWAT model simulated badly in the beginning of floods and it would perform better with accurate precipitation input. The SWAT model also performed poorly in estimating low flows and this might be attributed to the daily calculation of base flow. The feasibility of using the sub-daily SWAT model for flood simulation in large regulated regions remains to be further studied. 
